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1
DATA FUSION ANALYSIS FOR MARITIME
AUTOMATIC TARGET RECOGNITION

BACKGROUND

1. Field

One or more aspects of embodiments according to the
present invention relate to automatic target recognition and
more particularly to combining several classifiers in a system
and method for automatic target recognition in radar images.

2. Description of Related Art

Inverse synthetic aperture radar (ISAR) is a signal process-
ing technique used to form a two-dimensional (2-D) radar
image from moving target objects by separating radar returns
in Doppler frequency and in range. ISAR is possible with or
without radar platform motion. An ISAR 2-D image is com-
prised of different intensity pixels of reflected point scatterers
located at particular range and Doppler bin indices. Different
Doppler shifts arise from different points along the rotating
target, each point having its own line of sight (LOS) velocity
toward the radar. Currently existing ISAR Automatic Target
Recognition (ATR) systems may rely on a human component;
in such systems trained operators look at ISAR images and
match certain target features to canned templates. Such fea-
tures may include the apparent length of a target and its
proportions to dominant scatterer locations. Existing ATR
systems are primarily based on look-up tables, which utilize
user-defined features and a classifier to realize the closest
template match to a given target. Existing ATR systems may
be developed using simulated data, which may lack important
characteristics of real data, such as noise spikes, competing
land and high sea state clutter returns, range and Doppler
smearing, and atmospheric confrontations; such systems may
be prone to errors, and may become confused when presented
with targets that do not correspond to a known target type.
Moreover, an existing ATR system may not provide an assess-
ment of the confidence with which an identification is made.
Thus, there is a need for an ATR system with improved
reliability, which generates confidence estimates, and which
can accommodate unknown target types.

SUMMARY

In one embodiment of a system and method for performing
automatic target recognition by combining the outputs of
several classifiers, feature vectors are extracted from radar
images and fed to three classifiers. The classifiers include a
Gaussian mixture model neural network, a radial basis func-
tion neural network, and a vector quantization classifier. The
class designations generated by the classifiers are combined
in a weighted voting system, i.e., the mode of the weighted
classification decisions is selected as the overall class desig-
nation of the target. A confidence metric may be formed from
the extent to which the class designations of the several clas-
sifiers are the same.

According to an embodiment of the present invention there
is provided a method for automatic target recognition of a
target, the method including: receiving a sequence of imaging
radar images of the target; forming a feature vector including
measured characteristics of the target; performing a first tar-
get recognition attempt, the performing of the first target
recognition attempt including: using a Gaussian mixture
model neural network classifier to generate a first plurality of
probability likelihoods, each of the first plurality of probabil-
ity likelihoods corresponding to one of a plurality of candi-
date target types; and using a first set of class designation
rules to produce a first class designation, the first class des-
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2

ignation corresponding to one of the plurality of candidate
target types; performing a second target recognition attempt,
the performing of the second target recognition attempt
including: using a radial basis function neural network clas-
sifier to generate a second plurality of probability likelihoods,
each of the second plurality of probability likelihoods corre-
sponding to one of a plurality of candidate target types; and
using a second set of class designation rules to produce a
second class designation, the second class designation corre-
sponding to one of the plurality of candidate target types;
performing a third target recognition attempt, the performing
of the third target recognition attempt including: using a
vector quantization classifier to generate a third plurality of
probability likelihoods, each of the third plurality of probabil-
ity likelihoods corresponding to one of a plurality of candi-
date target types; and using a third set of class designation
rules to produce a third class designation, the third class
designation corresponding to one of the plurality of candidate
target types; and combining the first class designation, the
second class designation and the third class designation to
generate an overall class designation.

In one embodiment, the combining of the first class desig-
nation, the second class designation and the third class des-
ignation to generate an overall class designation includes
forming a weighted combination of the first class designation,
the second class designation and the third class designation.

In one embodiment, the forming a weighted combination
of'the first class designation, the second class designation and
the third class designation includes weighting the first class
designation with a weight of 2, weighting the second class
designation with a weight of 2, and weighting the third class
designation with a weight of 1.

In one embodiment, the method includes combining the
first class designation, the second class designation and the
third class designation to generate a confidence metric.

In one embodiment, the combining of the first class desig-
nation, the second class designation and the third class des-
ignation to generate a confidence metric includes taking the
ratio of: the weights for class designations equal to the overall
class designation; to the total of the weights for the first class
designation, the second class designation and the third class
designation.

In one embodiment, the plurality of candidate target types
includes a plurality of known target types and a joint target
type.

In one embodiment, the plurality of candidate target types
includes an unknown target type.

In one embodiment, the plurality of candidate target types
includes an unknown large target type and an unknown small
target type.

Inone embodiment, the unknown large target type includes
targets with an estimated length exceeding a length of a
largest known target type by 30 feet.

In one embodiment, the unknown small target type
includes targets with an estimated length less than a length of
a smallest known target type by 20 feet.

In one embodiment, the Gaussian mixture model neural
network classifier includes classification parameters; and one
of the classification parameters is adjusted in response to
class designations corresponding to an unknown target type.

In one embodiment, the plurality of candidate target types
includes an undeterminable target type.

In one embodiment, the using of a first set of class desig-
nation rules to produce a first class designation includes pro-
ducing a first class designation corresponding to the undeter-
minable target type when each of the first plurality of
probability likelihoods is less than a first threshold.
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In one embodiment, the using of a second set of class
designation rules to produce a second class designation
includes producing a second class designation corresponding
to the undeterminable target type when each of the second
plurality of probability likelihoods is less than a second
threshold.

In one embodiment, the receiving of a sequence of imaging
radar images of the target includes receiving a sequence of
inverse synthetic aperture radar images of the target.

According to an embodiment of the present invention there
is provided a system for automatic target recognition of a
target, the system including a processing unit configured to:
receive a sequence of imaging radar images of the target; form
a feature vector including measured characteristics of the
target; perform a first target recognition attempt, the perform-
ing of the first target recognition attempt including: using a
Gaussian mixture model neural network classifier to generate
a first plurality of probability likelihoods, each of the first
plurality of probability likelihoods corresponding to one of a
plurality of candidate target types; and using a first set of class
designation rules to produce a first class designation, the first
class designation corresponding to one of the plurality of
candidate target types; perform a second target recognition
attempt, the performing of the second target recognition
attempt including: using a radial basis function neural net-
work classifier to generate a second plurality of probability
likelihoods, each of the second plurality of probability like-
lihoods corresponding to one of a plurality of candidate target
types; and using a second set of class designation rules to
produce a second class designation, the second class desig-
nation corresponding to one of the plurality of candidate
target types; perform a third target recognition attempt, the
performing of the third target recognition attempt including:
using a vector quantization classifier to generate a third plu-
rality of probability likelihoods, each of the third plurality of
probability likelihoods corresponding to one of a plurality of
candidate target types; and using a third set of class designa-
tion rules to produce a third class designation, the third class
designation corresponding to one of the plurality of candidate
target types; and combine the first class designation, the sec-
ond class designation and the third class designation to gen-
erate an overall class designation.

In one embodiment, the combining of the first class desig-
nation, the second class designation and the third class des-
ignation to generate an overall class designation includes
forming a weighted combination of the first class designation,
the second class designation and the third class designation.

In one embodiment, the forming a weighted combination
of'the first class designation, the second class designation and
the third class designation includes weighting the first class
designation with a weight of 2, weighting the second class
designation with a weight of 2, and weighting the third class
designation with a weight of 1.

In one embodiment, the system includes combining the
first class designation, the second class designation and the
third class designation to generate a confidence metric.

In one embodiment, the combining of the first class desig-
nation, the second class designation and the third class des-
ignation to generate a confidence metric includes taking the
ratio of the weights for class designations equal to the overall
class designation; to the total of the weights for the first class
designation, the second class designation and the third class
designation.

BRIEF DESCRIPTION OF THE DRAWINGS

Features, aspects, and embodiments are described in con-
junction with the attached drawings, in which:
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FIG. 1 is a block diagram of a system and method for
automatic target recognition according to an embodiment of
the present invention;

FIG. 2 is a block diagram of feature extraction according to
an embodiment of the present invention;

FIG. 3 is a block diagram of feature vector creation accord-
ing to an embodiment of the present invention;

FIG. 4 is a block diagram for a predictive classification
mapper for a Gaussian mixture model neural network accord-
ing to an embodiment of the present invention;

FIG. 5 is a block diagram for a predictive classification
mapper for a radial basis function neural network according
to an embodiment of the present invention; and

FIG. 6is anillustration of'a graphical user interface accord-
ing to an embodiment of the present invention.

DETAILED DESCRIPTION

The detailed description set forth below in connection with
the appended drawings is intended as a description of exem-
plary embodiments of a data fusion analysis for maritime
ATR provided in accordance with the present invention and is
not intended to represent the only forms in which the present
invention may be constructed or utilized. The description sets
forth the features of the present invention in connection with
the illustrated embodiments. It is to be understood, however,
that the same or equivalent functions and structures may be
accomplished by different embodiments that are also
intended to be encompassed within the spirit and scope of the
invention. As denoted elsewhere herein, like element num-
bers are intended to indicate like elements or features.

In one embodiment, an ATR problem starts by identifying
relevant target features that can be extracted. For an ISAR
image this is particularly important, because of the ambigu-
ities in the Doppler dimension. The range dimension more
aptly represents physical distances of targets, and thus can be
used more directly for feature extraction purposes. Apparent
length (L) is the length as determined from a target in an
ISAR image. A corresponding true physical length is found
by dividing the apparent length by the cosine of its aspect
angle O, which is defined as the angle formed by the radar
line of sight (LOS) and the longitudinal axis of the target. This
angle is a function of azimuth as well as elevation. Aside from
length, a maritime target can have other distinguishing fea-
tures, such as mast(s), superstructure(s), rotating object(s),
reflector(s), etc. These locations, which may be referred to as
points of interest (POIls) can be used in distinguishing targets
and discriminating between them.

Feature extraction is important when distinguishing
between classes. In one embodiment, the process begins by
isolating the target region using a segmentation technique;
edges are then detected using target lines found by Hough
processing.

FIG. 1 represents an overall block diagram for an ATR
engine process according to one embodiment. Data inputs
include radar data 110 and the trained classifier parameters
115, which are fed into the signal processing block 120 to
attain the target designations for the radar data 110. Off-line
training is used to determine the trained classifier parameters
115 that can then be used in real time to determine the class
designation for a given input image. The signal processing
block includes an image formation block 125 that creates the
input 2-D image. The second step is to determine, in a good
frame selection block 130, the suitability of the input image
for the classification problem. If the image is deemed suit-
able, a feature vector is extracted from the image in a multi-
frames features block 135. A stored history of one-dimen-
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sional (1-D) features from previous frames also aids in this
feature vector extraction process. The extracted features
together act as inputs for the predictive classification mapper
140 that determines a target class.

The inputs to the image formation block 125 are radar
video phase histories and auxiliary data. In this embodiment
ISAR is used to form a 2-D image with Doppler on the y-axis
and range on the x-axis. Good frame selection pre-screening
is crucial for correct classification. The first image screening
approach makes sure that the target aspect angle © ,,,, occurs
in the interval of -45<@,, <45 degrees. If this is not the case
then the image is rejected as an unsuitable frame for classifi-
cation. Target aspect angles outside of this bound lead to the
target being warped in either the range dimension or the
Doppler dimension, or both, which results in erroneous deter-
minations of true length and similar parameters.

FIG. 2 represents the top level block diagram for the
frame’s feature extraction algorithms, wherein the dashed
area, representing the multi-frames features block 135,
repeats for each frame. The isolate target region block 210
isolates a rough silhouette of the target region, which acts as
a submask in conjunction with the input image to form the
input to the length estimation and Hough processing block
215. The target length is estimated and the target range region
is further refined, and acts as input to the Hough processing
algorithms. The Hough peaks and Hough lines for the targets
are extracted, as well as a refined target length estimate,
which act as input to the feature vector generation block 220.
The feature vector generation block 220 constructs the
frame’s feature vector, which is used for classifier training
and for testing. Training occurs off line and with the multi-
frames features block 135 processing repeating for each train-
ing frame. Training may be performed with real radar data,
e.g., ISAR data obtained in the field, to avoid the disadvan-
tages associated with using simulated data for training. A set
of real data may then be separated into a subset used for
training, and a second subset used for testing, to assess the
performance of the ATR system after training. Testing occurs
in real time and for a single frame, which s processed through
the full ATR engine, until a class designation is determined.

FIG. 3 represents the block diagram, in one embodiment,
for the creation of a frame’s feature vector. The Hough lines
are initially used to isolate the target’s center line in the
image, its image line, and the refined length. The refined
length estimate is formed by processing of the input sub-
masked image using sum normalized range profile (SNRP)
methodology. This length estimate is averaged (via median
operator) with the previous 4 length determinations and is the
first target feature. The purpose of the median operator is to
avoid instantaneous erroneous fluctuations in the length esti-
mates such as land returns and/or noise spikes. Using the
locations of Hough lines and respective (line) designations,
pertinent vertical lines are extracted. These lines are then
compared with the locations of the peaks associated with the
stored SNRP summed profile. If they occur in the same
region, then the lines are designated as possible point of
interest (POI) locations. If the Doppler extent is greater than
a pre-determined threshold, the POI is deemed to be a pos-
sible reflector/rotator; otherwise it is deemed to be a possible
mast/superstructure. Additional POI weighting occurs it high
correlation exists with the SNRP peak locations. One range
centroid of the POIs is stored for every target region; each
such range centroid is then designated with a weight. If no
POI exists in a region, the weighting is zero. The type desig-
nations for the POI are 0 for no POI, 1 for superstructure/
mast, or 2 for rotator/reflector. The use of multiple regions
may be advantageous in converting an otherwise 2-D feature
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6

extraction process into a 1-D process, in which the use of
standard and more intricate classifiers can occur. This projec-
tion also speeds up the classification process. For larger tar-
gets, the use of more sections can also lead to a more refined
POl range extent determination (ie. a superstructure may span
multiple adjacent regions of the target).

For training purposes, in addition to feature vector input,
the class’s classifier parameters must be defined. Embodi-
ments of the present invention encompass the Gaussian mix-
ture model neural network (GMM-NN), the radial basis func-
tions neural network (RBF-NN), the vector quantizer (VQ),
and a classifier fusion method, which combines the class
designations produced by all of these techniques.

FIG. 4 shows a block diagram for a predictive classification
mapper employing a Gaussian mixture model neural network
(GMM-NN) method. The parameters that need to be defined
for the GMM-NN are the number of mixture components or
centers in the model, the type of model, such as spherical, as
well as its dimensionality. The Netlab neural network tool-
box, part of the MATLAB™ package, available from The
Mathworks, of Natick, Mass., may be used for the creation of
the GMM with the ‘gmm’ function. GMM initialization then
occurs by using the ‘gmminit’ function in the same toolbox.
The expectation maximization (EM) algorithm is used to
train the GMM and represent the class’s input data as a
mixture of weighted Gaussian components.

For testing purposes, each class 410 in the database (6 in
one embodiment), as well as a class of unknown targets of
significantly larger size (referred to herein as an “unknown
large” target type) and a class of unknown targets of signifi-
cantly smaller size (referred to herein as an “unknown small”
target type) are represented by a set of GMM parameters,
generated using the expectation maximization algorithm. The
classes in the database are referred to herein as Class 1
through Class 6, or as “CGCPS”, “TRB6”, TWR823”,
“CGCT”,“LA”, and “MII”’; these 6 classes and the “unknown
small” and “unknown classes” are labeled “GMM Class 17
through “GMM class 8” in FIG. 4. When confronted with a
test feature vector the MATLAB™ Netlab toolbox function
‘gmmprob’is used to find the probability associated with each
of'the 8 GMM models (including the 6 classes in the database,
and the unknown large and unknown small target types). The
ensuing maximization is used as a reference for class desig-
nations. If a class designation is deemed applicable, then the
maximization of the gmm probability corresponds to the
class.

In one embodiment, the small unknown class is formed to
include targets with lengths at least 20 feet smaller on average
than the smallest true target length present in the database,
and the large unknown class is formed with lengths exceeding
by 30 feet those in the database. Uniform random variables
are used to give variation to the lengths of both the small and
large unknown targets. Other features, such as point of inter-
est locations, their designations, and weights are randomly
altered using random variables to also give variations to
unknown target characteristics.

GMM probability determinations are made in a GMM
probability determination block 415. The resulting probabili-
ties are processed by a maximum operator 420 to arrive at a
class designation for the target, or “target designation” in a
corresponding block 425. When gmm probabilities are close
among two classes as determined by their having a probabil-
ity separation not exceeding a difference threshold, an ensu-
ing joint class is determined. The target joint classes are
“CGCPS-TRB6”, “TWR823-CGCT”, and “LA-MIII”, and
are defined a priori by similarities of target length character-
istics. If in this joint-class determination stage, the target
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matches two classes that do not correspond to any single joint
class, then the class designation is referred to as “undeter-
mined”. Also, if the probability is below a pre-determined
confidence threshold than the designation is deemed undeter-
mined. These target designations are then kept track of using
a bar counter 430 for display to an operator to attain a visual
confidence on the designations.

FIG. 5 shows a block diagram for a predictive classification
mapper for a radial basis function neural network (RBF-NN)
method. As with the GMM-NN method, 8 classes (6 targets in
the database, 1 for unknown large, and 1 for small unknown
targets) are, in one embodiment, used with the RBF-NN
method for training purposes. The unknown target classes
utilize the same feature set variations as in the aforemen-
tioned GMM-NN method. With a RBF-NN, each hidden
layer node, or “unit” 510 is represented with a bell shaped
radial basis function that is centered on a vector in feature
space.

In a Radial Basis Function (RBF) based Neural Network
(NN), each neuron in the hidden layer is composed of an RBF
that is the activation function. The weighting parameters rep-
resent the centers and widths of these neurons. The outputs
are the linear combinations of the RBFs. In one embodiment
each of the 8 classes has a group (e.g., 30) of hidden units 510,
which is trained independently using the respective class’s
feature data. The input layer uses 10-dimensional feature
vectors X,, as inputs to the hidden layer:

) = exp{m o (s e Y 5= )

j=1.. .M

where M (e.g., 30) is the number of basis functions, ¢,, and
2, are the mean vector and covariance matrix of the m-th
basis function respectively, and o, is a smoothing parameter
controlling the spread of the m-th basis function. The k-th
output is a linear weighted sum of the basis functions’ output,
ie.,

M
Out (%) = o + ) Otmm(x:)

m=1

tr=1,... ,Nandk=1,2,... ,8

where x, is the t-th input vector, N is the number of inde-
pendent and identically distributed patterns, and w, , is a bias
term. In FIG. 5, the linear combinations are formed by sum-
mation elements 520. The outputs from the hidden layer
nodes are weighted by the weights of the lines, whereby the
mean square error (MSE) criterion is used to adjust the
weights. The steepest descent method may be used to train the
feature vector inputs and their respective target output vec-
tors. The MATLLAB™ Netlab toolbox is utilized to directly
train the RBF-NN. In one embodiment, a RBF network has 10
inputs (corresponding to the number of features in the feature
vector), 8 outputs (for the number of classes), and 30 hidden
units. The number of hidden units is found by weighing class
separability, complexity, and NN ill-conditionality consider-
ations. The MATLAB™ function ‘rbf” constructs and initial-
izes the RBF, with weights having a zero mean unit variance
normal distribution, and having the hidden unit activation
function given by r* log r. The function ‘rbfsetbf” may be used
to set the basis functions of the RBF-NN, such that they model
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the unconditional density of the input feature dataset by train-
ing the inherent GMM with spherical covariances.

In one embodiment, the function ‘rbftrain’ is used to per-
form two stage training, to create a relationship between each
row of an input feature vector and the corresponding class
designation vector. The centers are determined by fitting a
GMM with circular covariances using the expectation maxi-
mization (EM) algorithm. The maximum number of itera-
tions is 100. For testing purposes, the ‘rbffwd’ function is
used for forward propagation through the constructed RBF
network with linear outputs. This results in an output vector of
length 8 (8 being the number of classes), the elements of the
vector corresponding to the likelihoods of being in the respec-
tive class. Thus, the index that corresponds to the maximum
value is the designated class for that particular feature vector.
When RBF likelihoods are close among two classes as deter-
mined by their having a likelihood separation not exceeding a
difference threshold, an ensuing joint class is determined. The
target joint classes are “CGCPS-TRB6”, “TWR823-CGCT”,
and “LA-MIII”, and are defined a priori by similarities of
target length characteristics. If in this joint-class determina-
tion stage, the target matches two classes that do not corre-
spond to any single joint class, then the class designation is
undetermined. Also, if the probability is below a pre-deter-
mined confidence threshold than the designation is deemed
undetermined. These target designations are then kept track
of'using a bar counter 430 for display to an operator to attain
a visual confidence on the designations.

The Vector Quantization (VQ) method is simpler than the
GMM-NN and RBF-NN methods, because it does not require
training. The VQ method uses a criterion, in this case the
Euclidean distances between the input feature set and all
training feature sets, and tries to find the minimum (nearest
neighbor) and its respective class designation. Because some
features have inherently larger difference values than others,
a scaling criterion is utilized. For example, the length feature
difference may be scaled by 0.25. Similarly, POI weights are
scaled by 0.1, while unity scales are kept for the POI positions
and POI designations. In order to create different class des-
ignations, the two nearest neighbors are found. If both nearest
neighbors occur in the same class (of the 8 possible classes),
then the class designation is set to that class. [f the two nearest
neighbors occur in an a priori determined joint class, then the
class designation is that joint class. If the two nearest neigh-
bors differ and are from different joint-class members, then
the class is undetermined. These target designations are then
kept track of using a bar counter for display to an operator to
attain a visual confidence on the designations.

The classifier fusion method utilizes, in one embodiment,
the output class designations of the GMM-NN, RBFNN, and
VQ methods and combines them into an overall class desig-
nation. First, the weightings for both the GMM-NN and RBF-
NN are twice that of the VQ method. The VQ method may be
used as a straw-man baseline for ATR purposes, so in this case
it would act as a tie-break. In order to avoid having the VQ fall
into too many tie-break situations, other avenues are incor-
porated. Such avenues include breaking up a joint-class des-
ignation into its class components when either the GMM-NN
or the RBF-NN (not both) make an initial joint-class desig-
nation. If both the GMM-NN and RBF-NN class-designa-
tions are for joint classes then no break-up is instituted. The
overall class decision is, in each case, the one receiving the
largest number of weighted votes from the three classifiers,
i.e., the mode of the weighted classifier decisions of the
GMMNN, RBF-NN; and VQ classifiers. With several difter-
ent approaches being combined, the fusion method provides
a confidence value for the overall class designation. As with



US 9,299,010 B2

9

the individual classifiers, the target designations resulting
from the classifier fusion are kept track of using a bar counter
for display to an operator to attain an added visual confidence
on the designations.

In one embodiment, a confidence metric, providing a mea-
sure of confidence in the class designation, or “confidence
value”, is provided. The frequency with which confidence
values are updated is matched with the frequency of class
designations, after an initial period during which a buffer is
filled. The instantaneous confidence value is calculated as the
ratio of the weighted number of votes, from the three indi-
vidual classifiers, to the total weighted number of votes.
Again the GMM-NN and RBF-NN classifiers’ class designa-
tions are given twice the weighting of the VQ classifier’s class
designation. For example, if the GMM-NN, RBF-NN classi-
fiers, each of which has a weight of 2, both vote for a first class
(resulting in a weighted vote of 4 for the first class) and the VQ
classifier, which has a weight of 1, votes for a second class
(resulting in a weighted vote of 1 for the second class), the
class designation generated by the fusion method is the first
class (i.e., the class having received the largest number of
weighted votes). The total number of weighted votes in this
example is 5 and the confidence estimate is %5 or 0.8. To avoid
momentary large changes in the confidence values a buffer of
the current confidence value and the previous 9 confidence
values is utilized and averaged. This confidence value is then
converted into a percentage and is displayed. Until the buffer
is filled, the displayed average confidence value is an average
taken across the available confidence values.

Embodiments of the present invention include capabilities
of the ISAR-ATR engine to handle incoming data that is
classified as being from targets not currently residing in the
database. For simplicity, targets that are significantly larger or
smaller, as measured by length, than any in the database are
synthesized and their features are varied to construct feature
space areas where the classifiers can identify these unknown
targets. When such a target is found, its features are automati-
cally stored into an unknown training database for large and
small targets. When enough of these feature sets are popu-
lated, re-training with the other database classes occurs, and
the output classifier parameters are calculated and re-inte-
grated into the testing process. This process is repeated. It is
envisioned that this retraining process occurs at a frequency
on the order of months. Successful handling of unknown
unique targets can semi-automatically grow the current data-
base and eventually handle the majority of existing ship
classes. Due to the subjective nature of classifier training and
optimizing, a human expert may participate in the training,
insuring that class separation is adequate for proper class
designations, by combining some feature sets into a single
class if class separation is insufficient.

FIG. 6 shows a graphical user interface (GUI) which may
be used to practice embodiments of the present invention.
This GUI can also be used for training the classifiers (if
applicable). The GUI internal output images include the
original ISAR image 610 after initial target isolation, an
image 620 including the original ISAR image, with an initial
length estimate, which may be displayed as a bar of another
color, e.g., red, overlaid on the black and white image, an
image 630 including Hough Lines overlaid onto the thresh-
olded ISAR image (which was input to the Hough processing
block), showing center target lines (in a first color), possible
POIs (in a second color), and peak SNRP locations (in a third
color). A bar graph 650 shows the respective class designa-
tions, with title shown for the majority class. A set of real
photographs 660 shows views from different angles of the
as-determined class for the current frame. When the fusion
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classifier is used the confidence percentage for this frame’s
class designation is shown immediately below photographs
660. A graph 670 shows the SNRP profile sum (in a first color)
from the previous 10 frames of buffered 1-D profiles, and
extracted peak locations (each of which may be shown as an
“X”, in a second color).

Elements of embodiments of the present invention may be
implemented using one or more processing units. Processing
unit hardware may include, for example, application specific
integrated circuits (ASICs), general purpose or special pur-
pose central processing units (CPUs), digital signal proces-
sors (DSPs), graphics processing units (GPUs), and program-
mable logic devices such as field programmable gate arrays
(FPGAs). The term “processing unit” is used herein to
include any combination of hardware, firmware, and soft-
ware, employed to process data or digital signals. In a pro-
cessing unit, as used herein, each function is performed either
by hardware configured, i.e., hard-wired, to perform that
function, or by more general purpose hardware, such as a
CPU, configured to execute instructions stored in a non-
transitory storage medium.

Although limited embodiments of a system and method for
data fusion analysis for maritime automatic target recognition
have been specifically described and illustrated herein, many
modifications and variations will be apparent to those skilled
in the art. The algorithms disclosed herein can be applied to
any radar imaging mode, such as Synthetic Aperture Radar
(SAR). Accordingly, it is to be understood that a system and
method for data fusion analysis for maritime automatic target
recognition employed according to principles of this inven-
tion may be embodied other than as specifically described
herein. The invention is also defined in the following claims,
and equivalents thereof.

What is claimed is:

1. A method for automatic target recognition of a target, the
method comprising:

receiving a sequence of imaging radar images of the target

from an imaging radar system;

forming a feature vector comprising measured character-

istics of the target;

performing a first target recognition attempt, the perform-

ing of the first target recognition attempt comprising:

using a Gaussian mixture model neural network classi-
fier to generate a first plurality of probability likeli-
hoods, each of the first plurality of probability likeli-
hoods corresponding to one ofa plurality of candidate
target types; and

using a first set of class designation rules to produce a
first class designation, the first class designation cor-
responding to one of the plurality of candidate target
types;

performing a second target recognition attempt, the per-

forming of the second target recognition attempt com-

prising:

using a radial basis function neural network classifier to
generate a second plurality of probability likelihoods,
each of the second plurality of probability likelihoods
corresponding to one of a plurality of candidate target
types; and

using a second set of class designation rules to produce
a second class designation, the second class designa-
tion corresponding to one of the plurality of candidate
target types;

performing a third target recognition attempt, the perform-

ing of the third target recognition attempt comprising:
using a vector quantization classifier to generate a third
plurality of probability likelihoods, each of the third
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plurality of probability likelihoods corresponding to
one of a plurality of candidate target types; and

using a third set of class designation rules to produce a
third class designation, the third class designation
corresponding to one of the plurality of candidate
target types; and

combining the first class designation, the second class des-

ignation and the third class designation to generate an
overall class designation.

2. The method of claim 1, wherein the combining of the
first class designation, the second class designation and the
third class designation to generate an overall class designa-
tion comprises forming a weighted combination of the first
class designation, the second class designation and the third
class designation.

3. The method of claim 2, wherein the forming a weighted
combination of the first class designation, the second class
designation and the third class designation comprises weight-
ing the first class designation with a weight of 2, weighting
the second class designation with a weight of 2, and weight-
ing the third class designation with a weight of 1.

4. The method of claim 3, comprising combining the first
class designation, the second class designation and the third
class designation to generate a confidence metric.

5. The method of claim 4, wherein the combining of the
first class designation, the second class designation and the
third class designation to generate a confidence metric com-
prises taking the ratio of:

the weights for class designations equal to the overall class

designation; to

the total of the weights for the first class designation, the

second class designation and the third class designation.

6. The method of claim 1, wherein the plurality of candi-
date target types comprises a plurality of known target types
and a joint target type.

7. The method of claim 1, wherein the plurality of candi-
date target types comprises an unknown target type.

8. The method of claim 7, wherein the plurality of candi-
date target types comprises an unknown large target type and
an unknown small target type.

9. The method of claim 8, wherein the unknown large target
type includes targets with an estimated length exceeding a
length of a largest known target type by 30 feet.

10. The method of claim 8, wherein the unknown small
target type includes targets with an estimated length less than
a length of a smallest known target type by 20 feet.

11. The method of claim 7, wherein:

the Gaussian mixture model neural network classifier com-

prises classification parameters; and

one of the classification parameters is adjusted in response

to class designations corresponding to an unknown tar-
get type.

12. The method of claim 1, wherein the plurality of candi-
date target types comprises an undeterminable target type.

13. The method of claim 12, wherein the using of a first set
of class designation rules to produce a first class designation
comprises producing a first class designation corresponding
to the undeterminable target type when each of the first plu-
rality of probability likelihoods is less than a first threshold.

14. The method of claim 12, wherein the using of a second
set of class designation rules to produce a second class des-
ignation comprises producing a second class designation cor-
responding to the undeterminable target type when each of
the second plurality of probability likelihoods is less than a
second threshold.
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15. The method of claim 1, wherein the receiving of a
sequence of imaging radar images of the target comprises
receiving a sequence of inverse synthetic aperture radar
images of the target.

16. A system for automatic target recognition of a target,
the system comprising a processing unit configured to:

receive a sequence of imaging radar images of the target;

form a feature vector comprising measured characteristics
of the target;

perform a first target recognition attempt, the performing

of the first target recognition attempt comprising:

using a Gaussian mixture model neural network classi-
fier to generate a first plurality of probability likeli-
hoods, each of the first plurality of probability likeli-
hoods corresponding to one ofa plurality of candidate
target types; and

using a first set of class designation rules to produce a
first class designation, the first class designation cor-
responding to one of the plurality of candidate target
types;

perform a second target recognition attempt, the perform-

ing of the second target recognition attempt comprising:

using a radial basis function neural network classifier to
generate a second plurality of probability likelihoods,
each of the second plurality of probability likelihoods
corresponding to one of a plurality of candidate target
types; and

using a second set of class designation rules to produce
a second class designation, the second class designa-
tion corresponding to one of the plurality of candidate
target types;

perform a third target recognition attempt, the performing

of the third target recognition attempt comprising:

using a vector quantization classifier to generate a third
plurality of probability likelihoods, each of the third
plurality of probability likelihoods corresponding to
one of a plurality of candidate target types; and

using a third set of class designation rules to produce a
third class designation, the third class designation
corresponding to one of the plurality of candidate
target types; and

combine the first class designation, the second class des-

ignation and the third class designation to generate an
overall class designation.

17. The system of claim 16, wherein the combining of the
first class designation, the second class designation and the
third class designation to generate an overall class designa-
tion comprises forming a weighted combination of the first
class designation, the second class designation and the third
class designation.

18. The system of claim 17, wherein the forming a
weighted combination of the first class designation, the sec-
ond class designation and the third class designation com-
prises weighting the first class designation with a weight of 2,
weighting the second class designation with a weight of 2,
and weighting the third class designation with a weight of 1.

19. The system of claim 18, comprising combining the first
class designation, the second class designation and the third
class designation to generate a confidence metric.

20. The system of claim 19, wherein the combining of the
first class designation, the second class designation and the
third class designation to generate a confidence metric com-
prises taking the ratio of:

the weights for class designations equal to the overall class

designation; to
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the total of the weights for the first class designation, the
second class designation and the third class designation.
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